Abstract: Unmanned aerial system (UAS)-based remote sensing is one promising technique for precision crop management, but few studies have reported the applications of such systems on nitrogen (N) estimation with multiple sensors in rice (Oryza sativa L.). This study aims to evaluate three sensors (RGB, color-infrared (CIR) and multispectral (MS) cameras) onboard UAS for the estimation of N status at individual stages and their combination with the field data collected from a two-year rice experiment. The experiments were conducted in 2015 and 2016, involving different N rates, planting densities and rice cultivars, with three replicates. An Oktokopter UAS was used to acquire aerial photography at early growth stages (from tillering to booting) and field samplings were taken at a near date. Two color indices (normalized excess green index (NExG), and normalized green red difference index (NGRDI)), two near infrared vegetation indices (green normalized difference vegetation index (GNDVI), and enhanced NDVI (ENDVI)) and two red edge vegetation indices (red edge chlorophyll index (CI red edge ), and DATT) were used to evaluate the capability of these three sensors in estimating leaf nitrogen accumulation (LNA) and plant nitrogen accumulation (PNA) in rice. The results demonstrated that the red edge vegetation indices derived from MS images produced the highest estimation accuracy for LNA (R 2 : 0.79-0.81, root mean squared error (RMSE): 1.43-1.45 g m −2 ) and PNA (R 2 : 0.81-0.84, RMSE: 2.27-2.38 g m −2 ). The GNDVI from CIR images yielded a moderate estimation accuracy with an all-stage model. Color indices from RGB images exhibited satisfactory performance for the pooled dataset of the tillering and jointing stages. Compared with the counterpart indices from the RGB and CIR images, the indices from the MS images performed better in most cases. These results may set strong foundations for the development of UAS-based rice growth monitoring systems, providing useful information for the real-time decision making on crop N management.
Introduction
Nitrogen (N) plays a key role in crop growth and yield formation. Rice (Oryza sativa L.) is one of the largest consumers of N fertilizers [1] . Crop nitrogen accumulation (NA), as a product of nitrogen content (NC) and biomass includes not only information on the N status, but also canopy capacity during crop growth [2, 3] . Therefore, the estimation of leaf nitrogen accumulation (LNA) and plant nitrogen accumulation (PNA) is not only useful for evaluating crop production capability and predicting grain quality, but also supporting diagnosis of N status in crop production.
Remote sensing (RS) techniques have been proved to be a promising approach for crop growth monitoring [4] , nutrition diagnosis [5] and yield prediction [6] in different crops. RS data is widely used to monitor crop N status, including satellite imagery [7, 8] , aerial photographs [9] and canopy reflectance spectra [5, 10] . For example, Yao et al. [5] used ground-based hyperspectral data to detect the leaf N concentration of various growth stages in winter wheat. Huang et al. [8] used FORMOSAT-2 satellite data to estimate aboveground biomass and plant N uptake at the panicle initiation stage of rice in northeast China. Boegh et al. [9] used airborne multispectral (MS) data to quantify canopy N concentration in agriculture. Although ground-based RS sensors are easy to operate and can be used to obtain high estimation accuracy for crop growth parameters, they are costly and labor intensive. Satellite imagery often provides insufficient spatial resolution to monitor crop growth status for smallholders and is easily affected by cloud conditions. Manned airborne platforms can be used to obtain imagery with high spatial and temporal resolutions, but they are limited by high operational complexity and costs.
Unmanned aerial systems (UAS) have become prevalent and offer numerous advantages in precision agriculture, such as the ultra-high spatial resolution (e.g., centimeters), relatively low operational costs and the near real-time image acquisition [11, 12] . However, they also have a significantly low payload capacity, so light-weight compact sensors are required, and these sensors have been developed and mounted on various UAS for remote sensing applications [13] [14] [15] [16] . The most affordable sensors are off-the-shelf digital cameras with red, green and blue bands. One of the successful applications of UAS in agricultural management was reported by Hunt et al. [11] , who used a digital camera attached to a model aircraft to estimate the biomass of corn, alfalfa and soybean. They found a linear correlation between biomass and the normalized green-red difference index (NGRDI) derived from the RGB images. Zhu et al. [17] investigated the possibility of using digital imagery collected by a UAS to monitor N status in paddy fields. Córcoles et al. [18] measured canopy cover in an onion crop with RGB images from UAS and determined the relationship between canopy cover and leaf area index (LAI). However, reflectance in the near infrared (NIR) wavelengths varied most across the growing season due to increasing biomass at the canopy level [19] , and numerous vegetation indices (VIs) proposed for biomass or LAI estimation included NIR bands [20] [21] [22] . Therefore, a few studies have attempted to modify RGB cameras by replacing the red or blue channel with a NIR filter to obtain color near-infrared (CIR) images. For instance, Hunt et al. [23] developed a digital CIR camera system and found a good correlation between LAI and green normalized difference vegetation index (GNDVI) from the imagery of winter wheat. This CIR camera system has also been used by Hunt et al. [24] to estimate the biomass of winter cover crops. Lebourgeois et al. [25] used a UAS equipped with two digital cameras (RGB and CIR cameras) to investigate sugarcane N status and determined the optimal VI to estimate leaf and canopy N content. Recently, mounting MS cameras has become a new alternative approach for precision agriculture. More complex analysis has been done using MS cameras with more spectral bands, allowing advanced vegetation studies. They were applied to water stress detection [26] , disease detection [27] and vigor monitoring [28, 29] . The UAS images in the aforementioned studies have been used to estimate the agronomic parameters LAI [30] [31] [32] and biomass [24, 33] . N status, as one of the most important agronomic parameters in precision farming, needs to be addressed with UAS due to the low efficiency of other RS techniques.
Whether a UAS platform could be applied to monitor N status needs to be evaluated. Furthermore, the performance of multiple sensors onboard UAS for the same purpose has rarely been compared. Von Bueren et al. [34] evaluated the spectral quality of four different types of optical UAS-based sensors (RGB camera, CIR camera, six band MS camera and a high resolution spectrometer) and found that a MS camera can collect imagery with high radiometric quality in the red edge region. Although RGB and CIR cameras have been widely applied in precision agriculture, the stability of Remote Sens. 2018, 10, 824 3 of 17 the models established with indices from RGB and CIR images needs to be validated with the test set. Most importantly, in order to better apply UAS to precision agriculture, we need to clarify how far these cameras can be used during the whole season or at a certain growth stage, and how to choose a proper camera for N status monitoring in terms of cost, data processing efficiency and study area size. Therefore, the objective of the present study was to evaluate the performance of different sensors onboard UAS on LNA and PNA estimation in rice. The anticipated results would provide guidance on how to choose a proper camera for N accumulation estimation, and lay foundations for developing non-destructive and rapid monitoring of N status with UAS in rice crops.
Materials and Methods

Experimental Design
Two field experiments were designed, involving different N rates, planting densities and rice cultivars. All the experiments were conducted in the experimental station of the National Engineering and Technology Center for Information Agriculture (NETCIA) located in Rugao city, Jiangsu province, China (120 far these cameras can be used during the whole season or at a certain growth stage, and how to choose a proper camera for N status monitoring in terms of cost, data processing efficiency and study area size. Therefore, the objective of the present study was to evaluate the performance of different sensors onboard UAS on LNA and PNA estimation in rice. The anticipated results would provide guidance on how to choose a proper camera for N accumulation estimation, and lay foundations for developing non-destructive and rapid monitoring of N status with UAS in rice crops.
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Two field experiments were designed, involving different N rates, planting densities and rice cultivars. All the experiments were conducted in the experimental station of the National Engineering and Technology Center for Information Agriculture (NETCIA) located in Rugao city, Jiangsu province, China (120°45'E, 32°16'N) ( Figure 1 ). In 2015, one japonica rice cultivar Wuyunjing24 (V1) and one indica rice cultivar Yliangyou1 (V2) were seeded at day of year (DOY) 136 and transplanted into the paddy field at DOY 166. Four N rates (0 (N0), 100 (N1), 200 (N2) and 300 (N3) kg N ha −1 as urea) were applied with one density (0. 
Field Measurements
The UAS flight dates were adjusted to the field sampling dates as much as weather conditions allowed (Table 1) . Due to the poor weather conditions, we could only take high quality UAS images on 5 August, 2015. Although this was three days after the fertilization application, we believe significant N uptake by the rice plants has not yet occurred [35] . For the field destructive sampling, 3 hills of rice plants were randomly selected from the sampling region of each plot and separated into leaves and stems. All the samples were oven-dried for 30 min at 105 °C and later at 80 °C to a constant weight, then weighted, ground and stored in plastic bags for chemical analysis. The total N content 
The UAS flight dates were adjusted to the field sampling dates as much as weather conditions allowed (Table 1 ). Due to the poor weather conditions, we could only take high quality UAS images on 5 August, 2015. Although this was three days after the fertilization application, we believe significant N uptake by the rice plants has not yet occurred [35] . For the field destructive sampling, 3 hills of rice Remote Sens. 2018, 10, 824 4 of 17 plants were randomly selected from the sampling region of each plot and separated into leaves and stems. All the samples were oven-dried for 30 min at 105 • C and later at 80 • C to a constant weight, then weighted, ground and stored in plastic bags for chemical analysis. The total N content in the leaf and stem tissues was determined using the micro-Keldjahl method [36] . The N accumulation (g m −2 ) of leaves (LNA) and plants (PNA) was calculated as the product of N content (%) and dry biomass (t ha −1 ) of leaves and whole aboveground plants, respectively. 
UAV Campaigns and Sensors
The UAV used in this study was the Mikrokopter OktoXL [37] , an eight-rotor aircraft with a maximum payload capacity of 2.5 kg. This UAV has a flight duration of 8-25 min, depending on the battery and actual payload. Three cameras were mounted onboard the UAV separately for image collection and their technical specifications were listed in Table 2 . The Tetracam mini-MCA6 (Tetracam Inc., Chatsworth, CA, USA) MS camera has six channels and was evaluated in the literature for other purposes [32, [38] [39] [40] . The camera has user configurable band pass filters (Andover Corporation, Salem, NH, USA) of 10-nm full-width at half-maximum and center wavelengths at blue (490 nm), green (550 nm), red (680 nm), red edge (720 nm), NIR1 (800 nm) and NIR2 (900 nm). The camera was run on a 3 s shutter release interval and collected images in a 10 bit RAW format. The other two cameras collected true color and CIR images in JPEG format, respectively. The true color camera was a Canon 5D Mark III (Canon Inc., Tokyo, Japan) with a 22.1 megapixel (MP) CMOS sensor. The CIR camera was a NIR-green-blue camera, which was a modified Canon PowerShot SX260 with a 12.1 MP CMOS sensor (www.maxmax.com). After filter modification, the red channel became near-infrared and the other two channels remained the same. These two cameras were set to continuous data capturing at 1 frame per second (fps), with an exposure time manually set for each flight according to light conditions. The UAS was flown over the paddy field on three dates at the heights of 50 m and 100 m above ground level during the 2015 and 2016 growing seasons (Table 2) . Flight speed and route planning were fixed during the whole season. Additionally, all flights were carried out in stable ambient light conditions between 11:00 a.m. and 1:30 p.m. when the sun elevation angle was in the range of 56-72 • .
Image Processing
Image Preprocessing
After the flights, the MS images were downloaded from the memory cards and processed in the IDL/ENVI environment (Exelis Visual Information Solutions, Boulder, CO, USA). The image preprocessing workflows followed Kelcey and Lucieer [41] . In short, the following three corrections were applied: (i) noise reduction using dark current imagery; (ii) lens vignetting correction based on spatially dependent correction factors; and (iii) removal of lens distortion with a modified Brown-Conrady model. To reduce the band-to-band misalignment, the six bands were co-registered with a total of 25 ground control points marked on the concrete roads within the study area ( Figure 1 ). Six spectrally flat calibration canvases (1.2 × 1.2 m) with reflectance intensities at 3%, 6%, 12%, 22%, 48% and 64% were placed within the UAS flight overpass. With these calibration canvases, the digital number (DN) values of the images were transformed into reflectance values by applying an empirical line correction method [37, 42] . The empirical line correction coefficients established between the convoluted ASD-FieldSpec4 and the six acquired mini-MCA spectral bands were then applied per pixel to the MS images. The reflectance of each plot was represented by the average of the reflectance values over the non-sampling area of the plot.
RGB and CIR cameras are consumer-grade sensors and there is no rigorous pre-processing procedure for them. Dark offset imagery was generated for the two cameras in a totally dark environment and there is no need to do noise correction due to extremely low noise. The effect of lens vignetting and distortion could be ignored since the RGB and CIR images covered a large area and the photos with the sampling plots in the nadir area were selected for subsequent analysis.
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Calculation of Vegetation Indices
Given the specific band configurations of the three cameras, six VIs were examined for the estimation of LNA and PNA (Table 3) . From the RGB images, we calculated two color indices, the normalized excess green index (NExG) [43] and NGRDI [44] , because NExG has been proved to possess the ability to quantify crop responses under different conditions [45] , and NGRDI was originally proposed for vegetation fraction estimation and found to be related to crop biomass before canopy closure with RGB imagery from UAS [11] . From the CIR images, we chose two NIR VIs, GNDVI [46] and enhanced NDVI (ENDVI), because GNDVI was shown to be linked to chlorophyll concentration, and ENDVI was recommended by the company that converted the cameras 
Given the specific band configurations of the three cameras, six VIs were examined for the estimation of LNA and PNA (Table 3) . From the RGB images, we calculated two color indices, the normalized excess green index (NExG) [43] and NGRDI [44] , because NExG has been proved to possess the ability to quantify crop responses under different conditions [45] , and NGRDI was originally proposed for vegetation fraction estimation and found to be related to crop biomass before canopy closure with RGB imagery from UAS [11] . From the CIR images, we chose two NIR VIs, GNDVI [46] and enhanced NDVI (ENDVI), because GNDVI was shown to be linked to chlorophyll concentration, and ENDVI was recommended by the company that converted the cameras (www.maxmax.com) and also shown to detect vegetation vigor well [45] . For the MS images, we had more options for VIs due to the multiple bands. Except for the color indices and NIR VIs, two red edge VIs (CI red edge [47] and DATT [48] ) were employed for N accumulation estimation, because they both had a strong capability in chlorophyll contents estimation in higher plants. The VIs from the MS images were calculated with reflectance values and those from the RGB and CIR images were with DN values. 
Data Analysis
The correlations between agronomic parameters and VIs were analyzed using MATLAB R2010b software (The MathWorks, Inc., Natick, MA, USA). The experimental data collected in 2015 were used to develop the regression models and data collected in 2016 were subsequently used to validate the regression models. Generally, the estimation performance of the model was evaluated by comparing the differences in coefficient of determination (R 2 ) and root mean square error (RMSE). The model performance was more accurate with an R 2 near to 1, and an RMSE near to 0. Figure 3 shows the overall trend of leaf or plant N status and biomass from the 2015 field dataset. Leaf N concentration kept decreasing from the tillering stage (2.55%) to the booting stage (2.28%). Plant N concentration decreased from tillering (1.85%) to jointing (1.37%) and remained stable following the application of the second top-dressing fertilizer. Leaf biomass increased consistently as the rice plants developed (from 0.62 t ha −1 to 2.52 t ha −1 ). Plant biomass increased from 1.27 t ha −1 at the tillering stage to 2.95 t ha −1 at the jointing stage and then doubled after the second top-dressing. LNA and PNA were close at the tillering and jointing stages, but became significantly different after the second fertilization.
Results
Variation of Agronomic Variables over the Three Growth Stages
Comparison between Counterpart Indices from MS and RGB Images
Two counterpart indices (NExG and NGRDI), computed from the MS and RGB images, were employed to evaluate the capability of these two cameras in LNA and PNA estimation. Figure 4 shows that NExG-RGB had comparable performance to NExG-MCA in LNA and PNA estimation at the tillering and jointing stages. With regard to the pooled datasets across all growth stages, NExG-RGB performed slightly better than NExG-MCA. NGRDI-RGB was superior to NGRDI-MCA at individual stages, explaining 19% and 15% more variability of LNA and PNA for all growth stages, respectively. Obviously, the relationships between color indices and N accumulation exhibited a higher scattering of data points for the booting stage than for the tillering and jointing stages. Therefore, the correlation for the combination of the tillering and jointing stages (LNA: R 2 = 0.71; PNA: R 2 = 0.71) was significantly higher than that for all three stages (LNA: R 2 = 0.44; PNA: R 2 = 0.56). Additionally, color indices from both types of images exhibited the best performance in LNA and PNA estimation for the jointing stage (Figure 4 ). Figure 3 shows the overall trend of leaf or plant N status and biomass from the 2015 field dataset. Leaf N concentration kept decreasing from the tillering stage (2.55%) to the booting stage (2.28%). Plant N concentration decreased from tillering (1.85%) to jointing (1.37%) and remained stable following the application of the second top-dressing fertilizer. Leaf biomass increased consistently as the rice plants developed (from 0.62 t ha −1 to 2.52 t ha −1 ). Plant biomass increased from 1.27 t ha −1 at the tillering stage to 2.95 t ha −1 at the jointing stage and then doubled after the second top-dressing. LNA and PNA were close at the tillering and jointing stages, but became significantly different after the second fertilization. 
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To compare the capability of the MS and CIR cameras in estimating N accumulation, two counterpart VIs (GNDVI and ENDVI) were computed from the MS and CIR images and their performance is shown in Figure 5 . Compared with GNDVI-CIR, GNDVI-MCA performed slightly better in the LNA and PNA estimation for individual stages and exhibited more consistent relationships with LNA (R 2 : 0.78-0.81) and PNA (R 2 : 0.72-0.83) across the three stages (Figure 5a,e) . In contrast, when the data from all stages were pooled, GNDVI-CIR explained 10% and 7% more variation in LNA and PNA, respectively (Figure 5b,f) . ENDVI-MCA was superior to ENDVI-CIR in LNA and PNA estimation across all three growth stages. Among the three growth stages, the best performance of LNA and PNA estimation was observed for the jointing stage with all the evaluated VIs. 
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Evaluation of Red Edge Indices from Multispectral Images
Model Validation
The derived regression models from the calibration datasets were validated with the test set for all models (Table 4) . Color indices (NExG and NGRDI) from the MS and RGB images exhibited low estimation accuracies for LNA (R 2 ≤ 0.58 and RMSE ≥ 0.92 g m −2 ) and PNA (R 2 ≤ 0.66 and RMSE ≥ 1.18 g m −2 ) for both the individual stages and the all-stage group. The highest accuracy for LNA and PNA estimation was produced by NGRDI-RGB (R 2 = 0.52 and RMSE = 1.61 g m −2 ) and NGRDI-MCA (R 2 = 0.47 and RMSE = 2.44 g m −2 ) at the jointing stage, respectively. Compared with the counterpart indices from the RGB images, VI-MCA performed better in most cases (Figures 7 and 8) . However, the estimation accuracy improved significantly when only the tillering and jointing stages were considered. The NGRDI and NExG yielded satisfactory performance in LNA (R 2 = 0.64 and RMSE = 1.16 g m −2 ) and PNA (R 2 = 0.69 and RMSE = 1.95 g m −2 ), respectively (Figure 9a,b) . Figure 6 exhibits that CI red edge and DATT performed consistently well in LNA (R 2 : 0.82-0.89) and PNA (R 2 : 0.82-0.88) estimation across different growth stages. An all-stage model of DATT could explain 89% of LNA variability and 86% of PNA variability, which was slightly higher than that of CI red edge . However, the relationship of LNA and PNA with CI red edge was linear, but that with DATT was nonlinear. Compared with the best performing index from the CIR images (GNDVI-CIR), DATT was slightly superior to GNDVI in LNA and PNA estimation. Specially, DATT could explain more than 30% of the variation in LNA and PNA compared to the best performing indices from RGB images (NGRDI-RGB).
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Discussion
Feasibility of Fitting a Single VI-LNA or VI-PNA Model for All Growth Stages
Agronomic parameters (e.g., biomass and plant N uptake) were often estimated at the individual growth stage or stage groups separated by pre-heading and post-heading, and the model for the early stages performed better than the latter or the whole season [13, [49] [50] [51] . In this study, we established both stage groups and individual stage models for LNA and PNA estimation. Color indices (NExG and NGRDI) from RGB images performed poorly in N accumulation estimation with pooled data from different stages, but the performance improved significantly when excluding the booting stage ( Figure 9 ). Similar results were found in wheat plant N uptake [52] and barley biomass [13] estimation, because the reflectance in the visible region was easily saturated when the chlorophyll content was relatively higher at the booting stage [19] . The NIR VIs from the CIR images yielded better performance with the all-stage model than the individual-stage model, especially for GNDVI- The GNDVI-CIR and ENDVI-CIR models performed poorly for both individual stages and the all-stage group. Only GNDVI-CIR obtained moderate estimation accuracy for LNA (R 2 = 0.71 and RMSE = 0.75 g m −2 ) and PNA (R 2 = 0.65 and RMSE = 3.12 g m −2 ) at the jointing stage and in the all-stage group, respectively. However, compared with VI-CIR, the counterpart indices from the MS images performed significantly better. GNDVI-MCA produced the highest estimation accuracy of LNA (R 2 = 0.79 and RMSE = 1.36 g m −2 ) and PNA (R 2 = 0.84 and RMSE = 1.67 g m −2 ) for the booting and jointing stages, respectively. Moreover, the two-stage group (booting and jointing) model of GNDVI-MCA yielded satisfactory performance in LNA and PNA estimation (Figures 7b and 8b) .
Obviously, the estimation accuracy of CI red edge and DATT was comparable and highest among all the evaluated indices across all growth stages except for the jointing stage in LNA estimation ( Table 4 ). The two-stage model (jointing and booting) based on the CI red edge exhibited satisfactory performance in LNA (R 2 = 0.79 and RMSE = 1.43 g m −2 ) and PNA (R 2 = 0.81 and RMSE = 2.38 g m −2 ) estimation (Figures 7c and 8c) . Figure 10 shows the spatial distribution of LNA and PNA estimated by CI red edge in the study area for the jointing and booting stages. These figures highlight an increase of N accumulation between the two dates, and the spatial variability in N accumulation across N treatments. Obviously, the estimation accuracy of CIred edge and DATT was comparable and highest among all the evaluated indices across all growth stages except for the jointing stage in LNA estimation ( Table 4 ). The two-stage model (jointing and booting) based on the CIred edge exhibited satisfactory performance in LNA (R 2 = 0.79 and RMSE = 1.43 g m −2 ) and PNA (R 2 = 0.81 and RMSE = 2.38 g m −2 ) estimation (Figures 7c and 8c) . Figure 10 shows the spatial distribution of LNA and PNA estimated by CIred edge in the study area for the jointing and booting stages. These figures highlight an increase of N accumulation between the two dates, and the spatial variability in N accumulation across N treatments. 
Discussion
Feasibility of Fitting a Single VI-LNA or VI-PNA Model for All Growth Stages
Agronomic parameters (e.g., biomass and plant N uptake) were often estimated at the individual growth stage or stage groups separated by pre-heading and post-heading, and the model for the early stages performed better than the latter or the whole season [13, [49] [50] [51] . In this study, we established both stage groups and individual stage models for LNA and PNA estimation. Color indices (NExG and NGRDI) from RGB images performed poorly in N accumulation estimation with pooled data from different stages, but the performance improved significantly when excluding the booting stage 
Discussion
Feasibility of Fitting a Single VI-LNA or VI-PNA Model for All Growth Stages
Agronomic parameters (e.g., biomass and plant N uptake) were often estimated at the individual growth stage or stage groups separated by pre-heading and post-heading, and the model for the early stages performed better than the latter or the whole season [13, [49] [50] [51] . In this study, we established both stage groups and individual stage models for LNA and PNA estimation. Color indices (NExG and NGRDI) from RGB images performed poorly in N accumulation estimation with pooled data from different stages, but the performance improved significantly when excluding the booting stage ( Figure 9 ). Similar results were found in wheat plant N uptake [52] and barley biomass [13] estimation, because the reflectance in the visible region was easily saturated when the chlorophyll content was relatively higher at the booting stage [19] . The NIR VIs from the CIR images yielded better performance with the all-stage model than the individual-stage model, especially for GNDVI-CIR (Figures 7c and 8c) . Hunt et al. [24] also used GNDVI derived from CIR images to estimate winter cover crop biomass, but the correlations were not high due to much greater biomass variation within experimental strips than among strips.
For MS images, two red edge indices (CI red edge and DATT) produced quite satisfactory performance at the individual stage and stage groups. As shown in Figures 7 and 8 , the estimates of the red edge indices with two-stage models were closest to the 1:1 line, because N accumulation was dominated by biomass and biomass could be more accurately estimated with red edge indices than the NIR or visible VIs at a high canopy density [49, 53, 54] . Moreover, this MiniMCA camera could deliver MS imagery of high radiometric quality in the red edge region [34] . Considering the linear relationship with LNA and PNA, CI red edge could be considered a suitable indicator for rice N accumulation estimation from the UAV platform.
Performance of Counterpart Indices from Different Sensors
In this study, the counterpart VIs from MS images performed significantly better than that from RGB or CIR images (Table 4) . That is partly due to the lack of radiometric correction for RGB and CIR images. The established models from RGB and CIR images had poorer stability in DN values than reflectance between the two years, because the DN values were significantly affected by the exposure sets on the digital cameras based on overall light intensity [11] .
Although the DN-based models were presented in this study, they were also compared with the reflectance-based models, and the latter did not show a consistent improvement with radiometric calibration (data not shown). This is probably due to the inaccuracy in the spectral response function and the quality of the RGB and CIR cameras, which were not as well calibrated in-house as the MS cameras. In addition, radiometric calibration was difficult for the RGB and CIR cameras in this study due to the complexity of obtaining their spectral response functions for each channel. The use of a calibration canvas may not be practical when multiple flights are needed to cover a large area and solar illumination varies between flights [24] . On the other hand, the RGB and CIR cameras possessed much broader bandwidth (over 50 nm) than that of the MS camera (10 nm). Previous studies have also shown that narrow-band vegetation indices were superior to broad bandwidth indices in LAI [55] and N [56] estimation. Future work could focus on improving the stability and transitivity of models established with RGB and CIR images through different fields and years.
These VIs are structural indices, which are more related to biomass than N concentration, thus we found the VIs were weakly correlated with N concentration (data not shown), which corresponds with the findings in other studies [2, 52] . Because N concentration monitoring is affected by many factors, such as canopy structural parameters (e.g., LAI, biomass). Knyazikhin et al. [57] proposed directional area scattering factor (DASF) to eliminate the influence of canopy structural parameters with hyperspectral data. However, DASF could not be obtained due to the limited bands in these sensors. N accumulation composed of N concentration and biomass, contains information on canopy structure and N status, thus it can be taken as a good indicator for a N nutrition assessment [2, 58, 59] . However, the only stress for rice growth in this study was N deficiency, because other practical management was the same for all the plots. Treatments within N stress were labeled with low N concentration and biomass, thus the low N accumulation provides a real statement of the N deficit.
Choice of an Appropriate Camera for Precision Agriculture
UAS have proven to be an ideal technique in precision agriculture for crop growth mapping [60, 61] and monitoring [13, 14, 33] . Simultaneously, many aspects of sensor selection should be taken into consideration, such as band configuration and price. Digital cameras (both RGB and CIR cameras) are easy to use and are affordable for most researchers. Additionally, RGB and CIR images could be used after being downloaded from a memory card without any preprocessing (e.g., band registration) and a number of sophisticated commercial softwares (e.g., Agisoft Photoscan and Pix4D) have been developed to process the RGB and CIR images. These advantages make it more efficient to process the image data and easier to cover a large experimental area [34] . Furthermore, digital cameras could collect images with ultra-high spatial resolution to construct a high density point cloud, which has been used to estimate plant height [13, 62] . Therefore, digital cameras are widely used for precision agriculture, as stated in the review by Zhang and Kovacs [63] .
Crop growth condition at the early stages is very important for the yield formation and N management is practiced at the tillering and jointing stages [64] , thus it is essential to provide farmers with N status in order to supply appropriate rate of fertilizer [65] . Given the low cost of RGB and CIR cameras and satisfactory performance in N accumulation estimation, we believe RGB cameras could be used to monitor N status for the two early stages of rice growth. CIR cameras would be a good choice for N accumulation estimation for all three stages, if the demand on estimation accuracy is not so strict and financial budget is tight. Besides, the CIR camera was also suited for LAI estimation in winter wheat [23] .
Compared with the digital cameras, the MS camera performed significantly better in LNA and PNA estimation. However, the miniMCA (700 g) is much heavier than the commercial digital camera (270 g), which is a great burden for UAS energy supply [66] . Though MS images could be processed with the Pix4D and Photoscan software packages, the spatial coverage is not as efficient as that of the RGB images due to the narrow field of view. In addition, the channels in new MS cameras such as RedEdge are still designed in arrays, and much effort is still needed to correct for the band-to-band misalignment. New products may have better performance in hardware design, but we still face similar challenges in image collection and preprocessing. In this study, only one image was used for the small study area and whether or not the result from the small plot experiments could be applied to a larger area needs to be investigated with more data in the future.
Although a limited number of VIs was selected to estimate rice N accumulation in this study, they were a proper representation of the function of these sensors in N status monitoring. We would like to extend our study to use more VIs with the three sensors on this topic. Moreover, the emerging compact hyperspectral sensors (e.g., UHD 185, Rikola) might provide a better choice for UAS to monitor crop growth status, because they have been successfully applied to estimate aboveground biomass [67] and leaf N content [68] in winter wheat. In addition, N accumulation is composed of N concentration and biomass, and biomass could be related to N stress but also to many other stresses. Our future work will focus on detecting the N concentration directly to find a real statement of the N deficit with VIs.
Conclusions
In this study, we evaluated three sensors (RGB, CIR and MS cameras) onboard UAS for the estimation of LNA and PNA in rice. UAS images were acquired in two continuous years at the early three growth stages (tillering, jointing and booting). Six VIs (NExG, NGRDI, GNDVI, ENDVI, CI red edge and DATT) computed from the corresponding images were employed to estimate LNA and PNA for individual stages and stage groups, and the established VI-LNA and VI-PNA models were evaluated with the test set. The results demonstrated that both NGRDI-RGB and GNDVI-CIR had satisfactory performance in model calibration for the early two (tillering and jointing) and all three growth stages, respectively. NGRDI-RGB and EXG-RGB exhibited moderate estimation accuracy in LNA and PNA model validation for the early two stages (tillering and jointing), respectively. GNDVI-CIR yielded moderate estimation accuracy for all three stages. Red edge indices (CI red edge and DATT) from the MS images performed consistently well in model calibration and validation. Therefore, RGB and CIR cameras are good avenues for the qualitative monitoring of N status, due to their satisfactory performance in model calibration. Additionally, in consideration of their low cost and highly efficient data processing they are also good alternatives for quantitative N estimation only for the early two stages (tillering and jointing), due to the moderate estimation accuracy. The MS camera could be taken as a proper sensor for quantitative analysis of N status monitoring with red edge indices. These results further prove that UAS is a reliable approach for monitoring N accumulation, which is a good indicator for N diagnosis and subsequent N management. Future work should be directed to examining these established models with multi-year datasets to improve robustness and applicability. 
